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Objectives: Oral Cancer, also called Oral Squamous Cell
Carcinoma (OSCC), has been one of the serious cancers
that affect the South Asian countries. A range of diag-
nostic strategies are available including biopsy of the
affected part. The Wnt/b-catenin pathway plays impor-
tant roles in morphogenesis, normal physiological func-
tions, and tumor formation. This study examined the
accumulation of b-catenin in the nuclei and cytoplasm of
oral cancer.
Methods: The accuracy of histopathological results is
hamperedby considerable inter and intra-reader variability
even by expert pathologists. In order to get both qualitative
and quantitative results, we developed a system for diag-
nosis of oral cancer using ExpectationeMaximization
(EM algorithm).
Results: The microscopic images of immunohistochem-
ical staining of b-catenin expression were segmented us-
ing Iterative Method of (EM) algorithm to extract the
cellular and extracellular components of an image. The
segmentation process of the system uses unitone conver-
sion to obtain a single channel image using Principal
Component Analysis (PCA) with the highest contrast.
Finally, the unitone image is normalized to (0e1) range.
Conclusion: Based on the segmentation process we
conclude that b-catenin expression using EM algorithm is
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Oral cancer is the cancer that starts in the mouth or oral
cavity and is especially seen disadvantaged in elderly males.
It is one among the 10 most common cancers worldwide,
with 280,000 new cases of oral cancer found every year.1 It
has been one of the serious cancers that affect the South
Asian Countries. We have studied 20 cases from south
Indian city called Chennai. In India, it is the sixth most
common malignancy reported with high mortality rate.2
They are highly curable if found and treated at an early
stage. The early detection is expected to increase when the
patient’s awareness regarding the danger of oral cancer
increases. More than 90% of all oral cavity cancers are
Oral Squamous Cell Carcinoma (OSCC).3 Postoperative
life quality of the patients with OSCC has improved in
recent years. However, the 5-year survival rate has not
been raised significantly. About 30% of patients with early
stage disease will eventually die as a result of their tumors. In
addition, 30%e40% of patients without evidence of nodal
disease at resection eventually die from metastatic spread.4
Thus, early diagnosis and appropriate treatment are
important. The development of oral OSCC is a multistep
process involving interactions between several factors such
as tobacco, alcohol, and betel consumption and/or viralure 1: (a) Carcinoma of tongue, (b) Erythroplakia, (c) Leukopla
rosis.infections.4 OSCCs are often preceded by potentially
malignant lesions (PML), particularly erythroplakia
(Figure 1b) and leukoplakia (Figure 1c).5 Erythroplakia is
rare, and presents as a velvety plaque. At least 85% of
cases show frank malignancy or severe dysplasia
(precancerous) and carcinomas are seen 17 times more
frequently in erythroplakia than in leukoplakia even
though leukoplakias are far more common.5 Leukoplakia
is the most common potentially malignant oral lesion and
the transformation ranging from 3% to 33% over 10
years.5 The other potentially malignant lesions or
conditions may include actinic cheilitis lichen (Figure 1d),
lichen planus (Figure 1e), and oral squamous fibrosis
(Figure 1f). Early diagnosis of PML that will develop into
invasive tumors is necessary to improve the poor prognosis
of oral cancer patients.
The standard method of revealing PML and OSCC is the
conventional oral examination, which includes biopsy and
histopathological examination by confirming clinical suspi-
cion. Currently, a biopsy with histopathology is considered
the gold standard for diagnosis of OSCC. However, it is a
rather slow process, requiring several days to fix, embed and
stain the biopsy specimen before results can be available. It is
subject to interpretation of pathologist, and although it can
detect cellular and molecular changes if special techniques
are employed. Traditionally, pathologist use histo-
pathologial images of biopsy samples removed from patients,
examine them under a microscope, and make judgments
based on their clinicopathological acumen. The pathologist
typically assesses the deviations in the cell structures and or
the changes in the distribution of the cell across the tissue
under examination are purely qualitative, and often lead to
considerable variability.6 To circumvent this problem and to
improve the reliability of oral cancer diagnosis, it is
important to develop a computer aided technique with the
advancement of computational technique that helps the
pathologist to take judgment based on histopathological
features. In this paper, a robust, unsupervised, and efficient
segmentation technique is analyzed that uses ankia, (d) Actinic Cheilitis, (e) Lichen Planus, (f) Oral Squamous
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cellular & extracellular Components of image.Characteristics of oral cancer
It is unlikely that OSCC arises from normal surface
epithelium. The surface epithelial cells undergo gradual
changes from clinically undetectable premalignant lesion to
clinically identifiable premalignant lesion. These pre-
malignant stages are often reversible and are readily
curable. There are two major clinically visible pre-malignant
lesions namely leukoplakia and erythroplakia. Leukoplakia
is a term expressing clinical disease state, and it occurs in
every intra-oral locus and shows various observations.
Because a clinician is difficult to be settled with precancerous
lesion in these, we require histopathology examination.
Leukoplakia diagnosed as epithelial dysplasia histopatholo-
gy in leukoplakia becomes precancerous. It is said that it may
become malignant transformation in progression of the
severity in epithelial dysplasia. Although much works have
been done on the leukoplakia, the mechanism that oral
mucosa epithelium constituting leukoplakia becomes ma-
lignant through atypical epithelium is not known.
The main characteristics of OSCC are invasive growth
and the tendency to metastasize. Escape from the primary
tumor is the first step of invasion and metastasis of cancer.
This involves disruption of normal cellecell adhesion. E-
cadherin is localized on the surface of epithelial cells in re-
gions of cellecell contact known as adherens junctions and is
implicated in cellecell adhesion in epithelial tissues.7 b-
catenin is a multifunctional protein crucial both in regard
to cellecell adhesion and also in transduction of cellular
signals. A functional portion of b-catenin links E-cadherin
to alpha-catenin and consequently to the structure of the
acting microfilaments of the cytoskeleton; playing this way a
very representative role with respect to cell adhesion.8
Growing evidence suggests that alterations in cadherin or
catenin expression or function play an important role in the
development of an invasive or metastatic phenotype. In
many epithelial cancers, membranous E-cadherin is lost and
b-catenin dissociates in the cytoplasm and accumulates in
the nucleus as a transcription factor, concomitantly with
tumor progression. Down-regulation of membranous E-
cadherin and b-catenin, and cytoplasmic/nuclear accumu-
lation of b-catenin have been previously reported in several
cancers and hold promise as prognostic markers. Localiza-
tion of b-catenin in the epithelial cell membranes was
observed in normal oral epithelium and oral leukoplakia,Figure 2: The b-catenin expression detected by immunohistochemical s
dysplasia, (c) Oral Leukoplakia with mild dysplasia, (d) Oral Leukoplwhereas expression in OSCC was low or totally absent in the
cell membrane. The expression of b-catenin in normal oral
epithelium was observed on the cell membrane, but not
within the nuclei (Figure 2a). In oral leukoplakia without
dysplasia, the expression of b-catenin was observed on the
cell membrane and certain portion of nuclei (Figure 2b).
In oral leukoplakia with mild and sever dysplasia, the
expression of b -catenin was observed in the nuclei at
about 30% and 67%, respectively (Figure 2c,d).8 In OSCC
(Figure 2e), the b-catenin expression was observed in the
nuclei at about 80%.9
Proposed system
Medical image segmentation techniques can be classified
into three broad categories structural, statistical and hybrid
techniques.8,9 Here, the image data has been segmented using
statistical techniques. Statistical techniques are applied
on the discrete image data without any consideration for
the structure of the region. This technique performs
segmentation on the entire data set into different region.
The accuracy and quality of segmentation depends on the
selection of initial parameters. This technique could be
made robust against noise for a particular problem and
also tuned to perform segmentation on low contrast image
datasets. This paper presents, the system of diagnosis of
Oral cancer using EM Algorithm, to extract cellular and
extracellular components from an image using statistical
technique.10 This method is advantageous because it can
suppress the decision making mechanism as well as the
visual quality assessment will easier. This method is
implemented by taking b-catenin expression detected by
immunohistochemical staining of three histochemical
images: Oral Luekoplakia without Dysplasia (Figure 2b),
Oral Leukoplakia with Dysplasia (Figure 2d), OSCC
(Figure 2e).
Figure 3 shows the flowchart of the proposed image-
analysis system, which mainly consists of five steps: Prin-
cipal Component Analysis (PCA), RGB & Background
Identification,11 EM Estimation, Nuclear Likelihood, and
Local Adaptive thresholding.
Materials and Methods
a. High contrast image using PCA
The nuclear and cytoplasmic regions are colored to hues
of blue and purple by immunohistochemical stain, whiletaining, (a) Normal Oral epithelium, (b) Oral Leukoplakia without
akia with severe dysplasia, (e) Oral Squamous Cell Carcinoma.
Figure 3: Segmentation of cellular components.
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is colored into hues of pink. But these images have a
considerably limited dynamic range in the color spectrum
because, due to the application of chemical dyes.12 We first
convert the input images in the RGB color space onto a 1-
D unitone image using the principal components analysis
PCA.13,14 The unitone image is computed by projecting the
RGB image onto the principle component associated with
the highest variance as follows:










X ¼ ATyþmx (3)
where mx and Cx are the mean and covariance of the vari-
ables (i.e., the RGB components) hence, the resulting unitone
image has the highest contrast. We further normalize the
unitone image to the 0, 1 range.
b. RGB and background identification
In RGB, all the color appears in their primary spectral
components of red, green and blue. We identify the RGB
model consists of three components, one for each primary
color. All values of R, G and B are normalized in the range
0, 1.
c. Segmentation of individual cells using EM algorithm
Modeling the distribution of both cellular and extracel-
lular componentswith aGaussianmixturemodel,we estimatethe mixture parameters using the expectation maximization
(EM) algorithm.15 The unknown parameters are q¼ {mH, sH
and mE, sE}, where mH, sH and mE, sE are the mean and
variance of the distributions associated with cellular and
extracellular structures, respectively. The EM is an iterative
method, which starts with a random initialization. It
consists of two steps: expectation (Eq. (4)), which computes
the likelihood with respect to the current estimates and





 ¼ ElogPðX;YjqÞjX; qt (4)
qðtþ1Þ ¼ argmaxQq; qt (5)
where x ¼ {x1, ., xn} are the observations (i.e., the pixel
values) and Z ¼ {z1, z2} are the latent variables that deter-
mine the component from which the observation originates.
Once the underlying distributions are estimated, we compute











where i¼ {c, ec} indicate cellular or extracellular components,
and p(xjui) is normally distributed as p(xjui)z N(mi, si).
d. Cellular-likelihood image using sigmoid function
We construct the Cellular-likelihood image using poste-
rior probabilities and the estimated parameters of the uni-
tone values. We use a sigmoid function which can be
controlled with two parameters as follows:
fCell LKðXÞ ¼ 1
1þ eaðxbÞ (7)
where a controls the smoothness of the s-shaped likelihood
curve and b indicates the offset where fCell_LK(b)¼ 0.5. These
parameters are tuned adaptively for each image such that
b¼ mHþ 2) sH and a¼50(mE mH), where mH, sH are the
estimated parameters of the distribution of the unitone
values associated with cellular components,8,9 and (mE  mH)
are proportional to how well these distributions are
separated from each other.
e. Representation of binary image by adaptive thresholding
To obtain the binary representation of cell structures we
apply locally adaptive thresholding step such that the
threshold value is computed differently for each pixel value
based on the distribution of likelihood values within its
neighborhood as follows:






ICell LKði; jÞ (8)
where r, c are the row and column indices, i, j are the offset
indices within the local neighborhood, and NW ¼ 15 defines
neighborhood window size and ICell_LK is the likelihood
image.
Figure 4: The segmented image of the b-catenin expression detected by immunohistochemical staining of Oral Leukoplakia with
dysplasia. (a) unitone image, (b) Segmented cellular & Extracellular image, (c) Cellular Likelihood Image, (d) Adaptive Threshold Image.
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The result of segmentation is based on visual interpreta-
tion model and a quantitative evaluation.13 This method is
highly subjective; it accords with the solution for the
segmentation of the image. The segmentation results could
be easily utilized by medical image application, such as
microscopic image classification and information
extraction. Here, the accuracy of EM Algorithm depends
on the selection of initial parameters. Based on the
simulations performed, we conclude that, EM algorithm
segmented the cellular & extracellular components of the
image very well and the Adaptive Thresholding increases
the accuracy,15 gives better segmentation for visibility. The
results are robust, accurate and quantitative.
Simulations were performed on three microscopic images
of the b-catenin expression detected by immunohistochem-
ical staining of oral cancer (Figure 2) for the segmentation of
cellular and extracellular components. Oral Leukoplakia
without dysplasia, Oral Leukoplakia with Dysplasia and
OSCC are selected images for the simulations. For each
image we applied the proposed image analysis system.Figure 6: The segmented image of the b-catenin expression detecte
dysplasia. (a) unitone image, (b) Segmented cellular & Extracellular im
Figure 5: The segmented image of the b-catenin expression detected by
(a) Unitone image, (b) Segmented cellular & Extracellular image, (c) CFigure 4 shows the segmented image of the b-catenin
expression detected by immunohistochemical staining of
Oral Leukoplakia without dysplasia using PCA, EM
algorithm and Local Adaptive Thresholding.16e18 Here, the
performance of EM Algorithm is very poor in segmenting
Cellular & Extracellular Components. In Figure 5, the
staining of dysplasia of the oral leukoplakia is segmented by
the above three methods, here the b-catenin accumulated in
the nucleus of the cell are clearly seen. The Performance of
EM algorithm and Local Adaptive Thresholding is good in
Oral Squamous Cell18e20 carcinoma shown in Figure 6 and
gives the promising results.
Discussion
Here, the accuracy of EM Algorithm depends on the
selection of initial parameters. Based on the simulations
performed, we conclude that, EM algorithm segmented the
cellular & extracellular components of the image very well
and the Adaptive Thresholding increases the accuracy,
gives better segmentation for visibility. It has been
compared with the previous research and seems to be veryd by immunohistochemical staining of Oral Leukoplakia with
age, (c) Cellular Likelihood Image, (d) Adaptive Threshold Image.
immunohistochemical staining of Oral Squamous Cell Carcinoma.
ellular Likelihood Image, (d) Adaptive Thresholded Image.
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of study approaches done by the different authors, con-
nected component labeling works on binary or gray level
images and different measures of connectivity are done in,
Digital Image Processing binary input images and
8-connectivity.21 Another possible approach is called
marker-based watershed segmentation in digital image
processing using MATLAB.22 MATLAB not fully
supports a number of powerful indexing schemes that
simplify array manipulation and improve the efficiency of
algorithms. With this method, you have to find a way to
“mark” at least a partial group of connected pixels inside
each object to be segmented. You also have to mark the
background.
These both approaches not fully satisfied by Pathologists,
also they are familiar with these cell images, so they want to
know exactly what they were looked at the microscope. Since
their expectation do more and more some of these blobs need
more help to be separated properly. So we have got more
attention in that. With this method, you have to find a way to
“mark” at least a partial group of connected pixels inside
each object to be segmented. You also have to mark the
background. The result of sampling and quantization is a
matrix of real numbers.
But the EM Algorithm components labeling operator
scans the image by moving along a row until it closer sight in
form of pixels. So it’s very easy to identify by the pathologist
and the results are robust, accurate and quantitative. Simu-
lations were performed on three microscopic images of the b-
catenin expression detected by immunohistochemical stain-
ing of oral cancer for the segmentation of cellular and
extracellular components.
Conclusion
The proposed system demonstrates the feasibility of
robust segmentation of individual cells in the tissue image by
EM algorithm, PCA and Local Adaptive Thresholding for
finding the outline of b-catenin expression detected by
immunohistochemical staining of Oral cancer. The Simula-
tion results provide promising performance by supplement
the decision-making mechanism and increase the visual
quality assessment. Finally we conclude that detection of b-
catenin expression using EM algorithm is an efficient tech-
nique to help the pathologist to evaluate the histological
changes on microscopic images of oral cancer.
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